Segregation and integration are two general principles of the brain's functional architecture; therefore brain network analysis is of significant importance in understanding brain function. Critical to brain network analysis and construction is the identification of reliable, reproducible and accurate network nodes, or Regions of Interest (ROIs). In this paper, based on functional ROIs derived from task-based fMRI, we propose a novel framework to optimize the location and size of the ROIs which ensures that the difference of structural connectivity profiles among a group of subjects is minimized. In order to facilitate the optimization procedure, we present a new approach to quantitatively describe and measure the fiber bundle similarity within and across subjects. This framework has been extensively evaluated and our experimental results suggest the promise of our approaches. This capability of accurately localizing brain network ROIs would open up many applications in brain imaging that rely on identification of functional ROIs.
INTRODUCTION
The human brain is a complex, closely intertwined network, and the principles of functional segregation and integration play a significant role in the network's actualization [1, 7] . It is widely believed that the brain's function is integrated via structural and functional connectivities [2] [3] [4] [5] [6] . Construction and assessment of brain networks, based on in vivo brain imaging data, may not only facilitate quantitative analysis of brain connectivity [8] [9] [10] , but also enrich our understanding of how brain functions are integrated, e.g., when under the natural stimulus of movie watching. Therefore, brain network analysis is of significant importance to neuroimaging [2] [3] [4] [5] [6] 13] .
Essentially, when constructing brain networks, network node ROIs provide the structural substrates for connectivity measurement within individual brains and for pooling data across populations [2] [3] [4] [5] [6] . Thus, identification of reliable, reproducible and accurate node ROIs is critically important for the success of network construction and analysis [13] . In our point of view, however, this task is challenging for several critical reasons: 1) the boundaries between cortical brain regions are unclear [14] ; 2) the individual variability of cortical anatomy, connectivity and function is tremendous [15] ; and 3) the properties of ROIs are highly nonlinear. For instance, a slight change of the size or location of a ROI might dramatically alter its structural and functional connectivity profiles (Fig. 1 ).
Our rationale is that the activation peaks via task-based fMRI are close to the true functional ROIs, but the accuracy of their locations and sizes is dependent on several factors such as the spatial normalization procedure. Hence, we propose to optimize the location and size of each individual ROI by searching the neighborhood of detected fMRI activation peak and seeking the maximization of the consistency of structural connectivity profiles of the corresponding ROIs in different subjects. The underlying neuroscience basis is that each brain cytoarchitectonic area has a unique set of extrinsic inputs and outputs, and this unique set of brain connectivity patterns, called the 'connectional fingerprint' [23] , largely determines the function that the brain region performs. Hence, the maximization of structural connectivity consistency reflects the maximization of functional correspondence to a certain extent. We used fifteen subjects randomly selected from a recent study [24] . fMRI data was acquired for each subject for 2 runs. Each run included three block types: a modified version of the operation-span (OSPAN) task, an Arithmetic task and a Baseline. DTI data was also acquired. The scans were performed on a 3T GE Signa HDx scanner. Acquisition parameters were as follows: fMRI: 64×64 matrix, 4mm slice thickness, 220mm FOV, 30 slices, TR=1.5s, TE=25ms, ASSET=2; DTI: 128×128 matrix, 2mm slice thickness, 256mm FOV, 60 slices, TR=15100ms, TE=variable, ASSET=2, 3 B0 images, 30 optimized gradient directions, b-value=1000; all aligned to the AC-PC line. Preprocessing steps are referred to [24] .
MATERIALS AND METHODS

Data acquisition
Overview of the framework
In this paper, we adopted the first-round optimization using the method in [24] as our input, meaning that we had the initial locations of the ROIs. Then, we applied our algorithmic pipeline outlined in Fig. 2 to the initialized ROIs.
First, we extracted the fiber bundles with different locations and sizes around the initial ROI for each subject, which will serve as the candidates to be optimized. As shown in Fig. 2(a) , the green bubbles in the yellow circles are the initial locations of the same ROI for each subject. We extracted all fiber bundles in its neighborhood with different sizes (we used 3-ring, 4-ring and 5-ring mesh vertex neighborhoods). The fiber bundles are shown in Fig.  2(b) . Then, we projected the fiber bundles to the standard trace-maps ( Fig. 2(c) ) and calculated the distance between any pair of trace-maps within the subject ( Fig. 2(d) ). By using the affinity propagation (AP) clustering [11] , we obtained the fiber bundle centers shown in Fig. 2(e) , and then performed a whole-space search to find the combination ( Fig. 2(f) ) that gave the least variance for the ROI within the whole group of subjects. Fig. 2(g) shows the new ROI location (red bubble) according to the optimal fiber bundle we found in Fig. 2 (f).
Bundle description based on the trace-map model
Many algorithms, such as the spectral clustering [16] , normalized cut clustering [19] and atlas-based clustering [26] , have been developed to cluster white matter fibers into different bundles. However, an open problem remains: how can a fiber bundle be described quantitatively. In this paper, we need a quantitative fiber bundle descriptor or model to represent fibers and compare their similarities within and across different subjects.
Hence, we proposed a novel method by which to describe the fiber bundle and called it trace-map model. First, we divided each fiber curve into segments, each of which was composed of a collection of points. Then, we performed a Principle Component Analysis (PCA) to find the principal direction of this segment, represented by a unit vector as shown in Fig. 3(a) . After that, we translated the vector to the origin of a global spherical coordinate system and shoot from the origin to a unit sphere whose center is the origin. In this way, we can have a trace point on the sphere, and then perform the same procedure on the segments of all fibers in each bundle (Fig. 3(b) and (c)). Fig.  3(d) shows two examples. The first row is a U-shape fiber bundle [9] and its respective trace-map. The second row is a line-shape case [9] .
There are two issues to be noted here. One is that we must make sure all subjects' brains are aligned. In our implementation, we calculated the principal direction of each brain using PCA, which we used to align different brains. Thus, fiber bundles with similar shapes but different orientations can be differentiated by the different trace-point distributions on the standard sphere surface. The second issue is that we need to explicitly assign one of two ends of fiber bundles as the starting point. Since each fiber bundle was extracted from a small region on the cortical surface, we select the end that is closer to the center of the region as the starting point. This is very important to ensure that the trace-maps of one fiber at different optimization procedures are consistent.
Fiber bundle comparison based on trace-map model
Our rationale for comparing fiber bundles through tracemaps is that similar fiber bundles have similar overall tracemap patterns. Fig. 4 shows 4 examples. Fig. 4 (a) and 4(b) are a pair of fiber bundles that appear similar upon visual inspection. We can see that their trace-maps, Fig. 4 (e) and 4(f), are also similar. Fig. 4 (c) and 4(d) show another pair of similar fiber bundles. Their trace-maps are shown in Fig.  4 (g) and 4(h). We can clearly see the similar patterns of the point distributions in the trace-maps.
After representing the fiber bundle by the trace-map model, the bundles can be compared by defining the distance between their corresponding trace-maps. For each point in one trace-map, we can easily find another closest point in the other trace-map in terms of Euclidean distance. Then, we calculate the point density, denoted by den( ), as follows:
(1) is the number of points in the trace-map whose center is with radius d. In this paper, we used d=0.3. N is the total number of points in the trace-map. The distance of two trace-maps is defined as:
Where T1 and T2 are two trace-maps. is a point in T1 and is its closest point in T2. is a point in T2 and is its closest point in T1. n and m are numbers of points in T1 and T2 respectively. This definition ensures that D (T1, T2) equals to D (T2, T1). Note that the point density here is normalized so that we do not require that the numbers of points in different trace-maps are equal.
To evaluate the effectiveness and distinctiveness of the trace-map model, we randomly chose a subject and extracted the fiber bundles from all possible ROIs whose centers are the vertices of the cortical surface with a certain scale of neighborhood (4-rings mesh vertex neighborhood in this paper). Then, we represented all of them by trace-maps, and calculated the distances between the trace-map of the selected ROI and the rest. The distances between the tracemap of the selected ROI and the trace-maps of all other ROIs on the cortical surface are demonstrated in Fig. 5 .
From the result, we can see that: 1) most of the fiber bundles emanating from other ROIs have significant differences with the selected ROI. That is, most of the regions on the cortex are blue. 2) Considering the small neighborhood of the ROI we chose, the trace-map distances between the selected ROI and others roughly follow a Gaussian distribution. This result suggests that the tracemap of an ROI is quite distinctive, which is needed to unambiguously characterize the current ROI.
Optimization of ROIs across subjects
We formulate the problem of optimization of ROI locations and sizes as an energy minimization problem, which aims to maximize the consistency of structural connectivity patterns across a group of subjects. By searching the whole-space of ROI locations and sizes, we can find an optimal combination of ROI parameters that ensures that the fiber bundles from different subjects have the least group variance. Mathematically, the energy function to minimize is defined as: (3) Where k ≠ l and k, l=1,2,…,15. .. are fifteen subjects. We let = D ( ) and rewrite the Eq. (3) as below: (4) For any two subjects , we transformed them to the corresponding trace-maps . is a point on and is a point on .
is the closest point to on and is the closest point to on .
In our implementation, for each of the fifteen subjects, we extracted around 300 fiber bundles at different locations with different sizes. Given subject s, we extracted n fiber bundles and represented them as trace-maps t. Then, we calculated the distance between each of them and all the others. Thus, we had one n×n symmetric matrix m. After that, we applied the AP clustering on this similarity matrix and clustered them into five candidates (centers). These candidates are considered as the representative ones for this subject and were used in the optimization later. We performed the same procedure for all of the subjects and obtained fifteen groups of representatives. Note that after applying the AP clustering and pruning the search space, we reduced the space from around to . The later scale makes it so that we can conduct a whole-space search to find the optimal result.
RESULTS
Our results include three parts. First, we show the difference of 3 randomly selected ROIs in 15 subjects before and after the optimization process as examples. Then, we perform a quantitative measurement of the optimization and the average of the variance decreased. Lastly, we chose one subject to display the ROI movement trajectory during the optimization. Fig. 6 shows the results before and after optimization for 15 subjects and 3 randomly selected ROIs. Each row represents one ROI and shows the structural connectivity profiles of 15 subjects before and after our optimization procedure. From the figure it can be seen that after optimization the structural connectivity profiles are much more consistent, demonstrating the success of our method.
The results of all 15 subjects and 3 randomly selected ROIs
Before Optimization
After Optimization
Measurement of structural connectivity profiles
We calculated the group variance before and after our optimization using Eq. (4), as shown in Fig. 7(a) . We can see that after optimization, the group variance decreased significantly. Then, we split the original 15 subjects into two groups and performed the same optimization process; the results are shown in Fig. 7(b) and Fig. 7(c) . The average decrease of the variance was 53.3%. From Fig. 7 , we can see that ROI-0 and ROI-9 are exemplary in demonstrating the effectiveness of our method. Before optimization some subjects had few fibers, causing poor alignment across subjects for these ROIs. As a result, the variance of these ROIs decreased dramatically after optimization. Excluding these two cases we still achieved a 30.8% average decrease in variance. (a)
Visualization of ROIs' movements
As shown in Fig. 8 , the ROIs moved from positions denoted by green balls to positions denoted by the red balls, making their structural connectivity profiles more consistent. It is evident that the ROIs' movements are within a small neighborhood. The structural connectivities of these ROIs, however, were significantly improved, as shown in Fig. 6 . These results indicate that the optimization objectives were achieved.
CONCLUSION
In this paper, we presented a novel framework for the optimization of both locations and sizes of ROIs via maximization of group-wise consistency of ROIs' structural connectivity profiles. We also proposed a novel approach for a quantitative measurement of the similarity of ROIs' structural connectivity profiles by projecting the fiber curves onto a standard spherical space. This framework has been extensively evaluated on 16 ROIs across 15 subjects, and our results indicated that the structural connectivity patterns of each individual's functional ROI are much more consistent after optimization indicating the success of our novel framework. 
